Breast magnetic resonance imaging (MRI) and X-ray mammography are two image modalities widely used for early detection and diagnosis of breast diseases in women. The combination of these modalities, traditionally done using intensity-based registration algorithms, leads to a more accurate diagnosis and treatment, due to the capability of co-localizing lesions and susceptibles areas between the two image modalities. In this work, we present the first attempt to register breast MRI and X-ray mammographic images using intensity gradients as the similarity measure. Specifically, a patient-specific biomechanical model of the breast, extracted from the MRI image, is used to mimic the mammographic acquisition. The intensity gradients of the glandular tissue are directly projected from the 3D MRI volume to the 2D mammographic space, and two different gradient-based metrics are tested to lead the registration, the normalized cross-correlation of the scalar gradient values and the gradient correlation of the vectoral gradients. We compare these two approaches to an intensity-based algorithm, where the MRI volume is transformed to a synthetic computed tomography (pseudo-CT) image using the partial volume effect obtained by the glandular tissue segmentation performed by means of an Expectation-Maximization algorithm. This allows us to obtain the digitally reconstructed radiographies by a direct intensity projection. The best results are obtained using the scalar gradient approach along with a transversal isotropic material model, obtaining a target registration error (TRE), in millimeters, of 5.65 ± 2.76 for CC-and of 7.83 ± 3.04 for MLO-mammograms, while the TRE is 7.33 ± 3.62 in the 3D MRI. We also evaluate the effect of the glandularity of the breast as well as the landmark position on the TRE, obtaining moderated correlation values (0.65 and 0.77 respectively), concluding that these aspects need to be considered to increase the accuracy in further approaches.
Introduction
Breast cancer is the most common cancer in women worldwide. Current statistics have shown that 1 in 8 women will develop invasive breast cancer over the course of her lifetime ( BreastCancer.org, 2017 ) . Early detection through imaging increases the likelihood of overcoming the disease, motivating the implementation of screening programs. While X-ray mammography is considered the gold standard image modality for screening and diagnosis of breast diseases, magnetic resonance imaging (MRI) can be used to obtain complementary information, especially for women with an increased risk. For example, MRI can be used to Demons algorithm ( García et al., 2015 ) . Hopp et al. (2013) introduced a 3D-2D intensity-based registration approach that consists of optimizing a number of parameters such as position and orientation of the model, to adapt the registration process to the patient-specific conditions. Similarly, Mertzanidou et al. (2014) included the elastic parameters as well as the amount of compression in the optimization and allowed the breast model to rotate in the anterior-posterior and superior-inferior axis.
These approaches perform the projection of the internal tissue of the breast from the 3D MRI -i.e. compressed model-to the 2D-mammographic space. However, due to the physics underlying each modality, there is no correlation between the voxel intensities in X-ray and MRI images for each tissue. Therefore, intensity-based registration algorithms require an additional step, which is the segmentation of the internal tissue of the breast in the MRI volume. The accuracy of the registration may be subjected to the suitability of the segmentation algorithm. Conversely, the voxel intensities in computed tomography (CT) data are related to the X-ray linear attenuation coefficient by means of the Hounsfield units and, consequently, several registration algorithms have proposed generating pseudo-CT data from the MRI volumes ( Van der Bom et al., 2011 ) . Nevertheless, the voxel intensity transformation also depends on establishing a suitable correspondence between the MRI and CT voxel intensities.
Furthermore, to overcome these issues, feature-and gradientbased methods have been proposed to perform the multimodal image registration ( Gan et al., 2008 ) or to combine these properties with intensity-based approaches ( Pluim et al., 20 0 0 ) . Specifically, 3D-2D gradient-based registration approaches have been proposed for image-guided interventions. Tomaževi č et al. (2003) introduced a gradient-based algorithm to register CT and MRI to X-ray images. The registration looks for the rigid transformation of the body part, in this case the lumbar spine, which provides the best match between surface normals and backprojected gradients, considering their amplitudes and orientations. Similarly, Livyatan et al. (2003) proposed a gradient-based method in which only the edges of the 2D images were used to compute the transformation of the gradient field extracted from the 3D images. Finally, Markelj et al. (2008) combined a gradientand reconstruction-based approach to obtain a 2D-3D registration method for CT and MRI images.
These approaches are based on back-projecting the ray from the 2D image and evaluating the intersection of the ray with respect to the 3D body surface. However, the gradient information can also be projected from the 3D volume to the 2D image. Mertzanidou et al. (2010) used an affine transformation to generate synthetic mammograms. Gradient values of the synthetic mammograms are extracted a posteriori and used to lead the registration. Furthermore, performed the fusion of information between ultrasound computed tomography (3D) and X-ray mammography using a patient-specific FEM biomechanical model and gradient-based metrics. The 3D image was modified by means of a deformation field extracted from the FE analysis and the internal tissues were projected in order to obtain a synthetic image. Similar to the previous case, gradient values were extracted a posteriori and used to lead the registration. On the other hand, Wein et al. (2005) proposed a 3D-2D algorithm in which the gradients of the 3D image are directly projected and compared to the information belonging to the 2D image. Furthermore, Wein et al. also defined a gradient ray-casting and gradient correlation metric to perform the registration.
In this paper, we introduce two gradient-based registration approaches with the aim of correlating the information contained in the breast MRI and the X-ray mammogram. To our knowledge, this is the first attempt to introduce a gradient-based approach performing the gradient projection directly from the MRI without modifying the initial volume. These methods do not require the segmentation of the internal tissues of the breast. During the registration between MRI and mammography, a finite element (FE) biomechanical model, extracted from the MRI volume, is highly compressed, mimicking the mammographic acquisition. Therefore, conversely to previous 3D-2D gradient-based algorithms, the registration cannot be considered as a rigid transformation of the 3D volume. Furthermore, while the FE model is compressed, the MRI volume is not deformed to avoid the loss of information. Tissue gradients from the MRI volume are directly projected into the 2D mammographic space using a uniform grid to speed up the ray-casting and directly obtaining the gradient values from the uncompressed 3D image volume. The projected gradients and those obtained in the mammograms are compared in two different ways. On the one hand, only the scalar gradient values are compared using normalized cross-correlation (NCC), while on the other hand, each direction is independently considered, obtaining a gradient vector that is compared to the directional derivative of the mammogram using a gradient correlation (GC) metric. Finally, the results of these registration algorithms are compared to an intensity-based approach where the MRI is transformed to a pseudo-CT image, using a polyenergetic spectrum simulated by means of considering the corresponding end-point energy spectrum (KVP) recorded in the DICOM header of the mammogram to obtain a case-specific simulation. Glandular and adipose tissue are segmented using an Expectation-Maximization (EM) algorithm, and NCC is used to guide the registration.
In addition, the performance of isotropic and anisotropic material models is evaluated, considering several factors of interest such as the breast glandularity and the internal landmark position. To provide a fair comparison, we propose a semiautomatic approach to isolate the landmarks in both, MRI and mammography, to reduce the intra-and inter-observer variability that can be introduced using a manual segmentation. Furthermore, we propose an internal system of reference within the mammograms to localize the lesions.
Methodology
Based on our previous work ( García et al., 2018b ) , we have developed a fully automatic 3D-2D gradient-based framework to register MRI to X-ray mammograms. In contrast to that work, in this paper we directly use for presentation FFDM to lead the registration process. The biomechanical model extraction as well the optimization step are similar in the two works. However, in this case, three similarity metrics -an intensity-based approach versus two gradient-based approaches-are tested. The intensity-based approach provides us a baseline result to evaluate the behavior of the gradient-based algorithms. Fig. 1 summarizes the registration approaches, and the following sections provide a detailed description of the process.
Mechanical modeling
Patient-specific biomechanical models require an accurate geometrical description of the breast. The biomechanical model extraction presented is similar to that introduced in our previous work ( García et al., 2018b ) . The models are built from pre-contrast T1-weighted MR images. The approach proposed by Gubern-Mérida et al. (2012) is used to separate each breast. A probabilistic atlas approach, which contains spatial information of pectoral muscle, lungs, heart, thorax and breast tissue, is used in the MRI volumes to exclude the body from the breast. Then, the breast mask is resampled to isotropic voxels of 5.0 mm length and the surface mesh is extracted using the marching cubes algorithm Fig. 1 . Scheme of the gradient-(a) and intensity-based (b) registration processes. The breast model is built from the MRI, and compressed mimicking the mammographic acquisition. Depending on the approach, gradient or intensity values are projected from the MRI to the mammogram and used in the similarity measure to perform the alignment optimization of the model. ( Lorensen and Cline, 1987 ) . Nodes belonging to the breast-body interface are automatically selected, using morphological filters and logical operations, and are fitted to a linear surface ( García et al., 2018b ) . The surface mesh is smoothed using a Lagrangian smoothing process ( Herrmann, 1976 ) , and the volume mesh is extracted by means of the open-source package TetGen 1 ( Si, 2015 ) , using a maximum volume criterion to generate the tetrahedral elements. The number of elements composing the biomechanical model is between 50k and 200k elements (105, 288 ± 45, 952 on average), depending on the breast volume.
Usually, living tissues are described assuming a non-linear behavior ( Fung, 1993 ) . In this work, both isotropic and anisotropici.e. transversal isotropic-hyperelastic Neo-Hookean material models ( Han et al., 2012 ) were tested. The anisotropic behavior was considered to simulate the presence of Cooper's ligaments and connective tissue in the breast. Cooperâ;;s ligaments maintain the structural integrity of the breast establishing a restriction of the movement. This binding condition is simulated, in our case, using the transversal isotropic material. The behavior of hyperelastic materials is described by means of a scalar potential, ψ. Formally, the stress-strain potential of an anisotropic -i.e. transversal isotropicmaterial is expressed as follows:
where, ψ iso represents the isotropic Neo-Hookean material model and ψ transv is the anisotropic term. These terms are defined as follows:
1 http://wias-berlin.de/software/tetgen/ .
where μ and κ are the shear and bulk moduli and η is an additional material parameter that controls stiffness in a preferred direction. The parameter η is related to the Young's modulus, E , by means of the stiffness anisotropy ratio, ρ = η E . When ρ > 0, the material is stiffer in one specified direction ā = [ a x , a y , a z ] . Furthermore, the material description is related to the principal invariants. I 1 represents the first invariant of the right Cauchy-Green tensor C ( C = F F where F is the deformation gradient tensor) and is defined as the trace of C . Furthermore, I 4 is the pseudo invariant of the modified right Cauchy-Green deformation tensor and J represents the ratio between the volume before and after the transformation ( Bonet and Wood, 1997 ) . The constitutive elastic values, Young's modulus and Poisson's ratio, as well as the anisotropic ratio values, are exposed in Section 2.2 . In the case of using the transversal isotropic material description, the stiffest direction is defined in the direction perpendicular to the pectoral muscle. The pectoral muscle in the mammograms is excluded using the algorithm proposed by Kwok et al. (2004) .
Regarding the boundary conditions of the biomechanical model, from an anatomical point of view, the breast is not rigidly fixed to the body. They are joined by means of connective tissue, allowing the breast to slightly slide along the thorax. Therefore, nodes belonging to the breast-body interface may slide in the direction parallel to the displacement of the paddles Chung, 2008 ) . The contact between the biomechanical breast model and paddles is defined using a frictionless contact model. Skin and gravity are not considered due to the small effect that they have in the simulation ( Azar et al., 2001; Ruiter et al., 2006 ) . The open-source package NiftySim TM ) (University College London 2 ) was used to perform the FE analysis.
Optimization
The elastic parameters, as well as the position and orientation of the breast model, are optimized using the simulated annealing algorithm ( Kirkpatrick and Vecchi, 1983 ) . The optimization consists of finding the maximum value of the corresponding metric. The parameters defined to optimize the alignment are as follows:
• Position: translation of the model along a plane parallel to the mammogram.
• Orientation: the model is allowed to rotate around its principal axes, describing this movement by means of Euler angles, using the notation Roll-Pitch-Yaw (RPY).
• Elastic parameters: Young's modulus, E , and the anisotropy ratio, ρ (when the transversal isotropic material model is considered).
• Amount of compression: the breast thickness.
Eventually, uncompressed and compressed models of the breast are available. The former relates the physical space of the MRI, while the compressed model is localized above the space defined by the mammogram.
Regarding the material description, the elastic parameters measured by Wellman (1999) are taken as a reference to define the mechanical behavior. The search space of the Young's modulus is defined between E = 4 . 46 kPa (the breast is composed of adipose tissue) and E = 15 . 1 kPa (the breast is defined as fully composed of glandular tissue) at Strain = 0 . 0 % ( Tanner et al., 2001 ). The starting Young's modulus value is defined in the center of the interval, E = 9 . 75 kPa. Furthermore, the Poisson's ratio is considered constant, with value ν = 0 . 495 . Previous experiments show that the best performance is obtained using small anisotropy ratio values.
Therefore, we defined the search space of ρ in the interval [0, 20] , initialized as ρ = 10 , when the anisotropic term is needed.
The initial position of the biomechanical model is determined by situating its center of mass on the centroid of the breast in the mammogram. The importance of the manual interaction of the radiographer, to situate the breast on the support, has not been evaluated. To reduce the computational cost during the registration, we assume that the breast is well situated to perform the compression by effect of the MRI acquisition, avoiding the computation of the unloaded reference state ( García et al., 2018b ) . Notice that this is an idealized assumption and the computation of the unloaded state is well established in other works . Furthermore, when MLO projections are simulated, the pectoral muscle is also used as a reference to situate the model. The search space of the position is determined by the bounding box of the breast in the mammogram. The orientation of the model is initialized using the appropriate DICOM tags header. For the left (right) breast, the model is rotated counter-clockwise (clockwise) to the positioner primary angle recorded, allowing the use of the axisoriented bounding box of the model to situate the compression plates. During the optimization, Euler angles are limited to small variations ( [ −15 , 15] degrees) with respect to the reference state. The search space of the breast thickness is delimited to variations with respect to the recorded value in the mammogram header (between 0.75 and 1.25 times this value), which is defined as the initial value during the optimization. The simulated annealing algorithm stops after 50 simulations without improvement from the last maximum value of the corresponding metric.
Ray tracing and projection
While the transformation of the biomechanical model is the same in all the cases, we use three different similarity metrics. The first metric corresponds to the traditional intensity-based approach, where the MRI volume is transformed to a pseudo-CT image by means of the tissue segmentation, and NCC is used to lead the registration . The other two methods correspond to gradient-based approaches ( Wein et al., 2005 ) . First, the directional derivative -i.e. intensity gradients-of both the MRI volume and the corresponding mammogram are computed. The MRI gradients are projected and compared to those obtained in the mammogram. On one hand, the gradient modulus is accumulated along each ray, during the ray-casting and compared to the norm of the intensity gradients belonging to the corresponding mammogram using NCC. On the other hand, the gradients are accumulated along each ray, considering each direction x, y and z independently and the resulting vector, and the intensity gradients obtained from the mammogram are compared using a GC metric.
Thus, to preserve the information contained in the image, the MRI volume is not modified. First, an uniform grid ( Lagae and Dutré, 2008 ) is used to store the information, indexing the elements of the biomechanical model. Hence, the position of the sampled points along the ray can be localized simultaneously in the compressed model and the 3D volume, computing the barycentric coordinates within the elements traversed by the ray. The process performed to localize a given path between both the compressed and the uncompressed model is described in our previous work ( García et al., 2018b ) . All points belonging to one ray in the compressed breast model corresponds to the uncompressed model, obtaining the curve γ ( t ) in the initial volume. This curve is used to integrate the information (voxel intensities or gradients, depending on the algorithm). In the following sections, we describe the 3D-2D projection.
Intensity values projection
To avoid complex synthesis approaches of the mammographic images, the MRI volume is transformed to a pseudo-CT volume . First, the internal tissues of the breast (adipose and glandular) are segmented using an ExpectationMaximization (EM) algorithm. Notice that the information -i.e. the amount of glandular tissue-extracted from the MRI is similar to the information contained in the mammograms ( García et al., 2017 ) . Instead of just using the effective attenuation coefficient for both glandular and adipose tissue, we propose simulating the X-ray spectrum, using the information contained in the mammographic DICOM header tags, obtaining a case-specific pseudo-CT image for each mammogram. Thus, the images are transformed using the weighted average of the Hounsfield scale (HU), considering the partial voxel effect of the segmentation. Weights are computed by means of the energy spectrum of the corresponding anode material between 0 keV and the end-point energy (kVp) recorded in the mammogram DICOM header. Formally, the synthesis of the pseudo-CT images is expressed as follows:
where ω( E ) represents the normalized weight of the polyenergetic spectrum, and μ H 2 O (E) and μ Air ( E ) are the water and air attenuation coefficients at a given energy, E . Moreover, μ eff ( E ) represents the "effective" attenuation coefficient, considering the previous segmentation:
where μ fat and μ gland are the adipose and glandular tissue attenuation coefficients, while L fat and L gland are the likelihood of the voxel to belong to the adipose and glandular tissue class, respectively, obtained using the EM algorithm. The attenuation coefficients, belonging to each tissue and material, are obtained from the NIST (National Institute of Standards and Technology, U.S.) database, 3 while the energy spectra are simulated using the RASMIP (Rhodium Anode Spectral Model-) and MASMIP (Molybdenum Anode Spectral Model using Interpolating Polynomials) 4 models proposed by Boone et al. (1997) . Notice that using this approach, signal degradation effects such as photon scattering are not considered. Fig. 2 shows an example of the real and synthetic mammograms obtained by means of transforming the MRI volume to the pseudo-CT image. Using this transformation, the synthesis of a simulated mammogram is performed using a simple digital reconstructed radiograph (DRR) algorithm, avoiding more complex simulations. The intensity values are accumulated along the curve γ ( t ) in the uncompressed model and directly from the pseudo-CT image. Eventually, pixel intensities in the synthetic mammogram are rescaled to the same interval of the original mammogram, and NCC is used to guide the registration.
Absolute gradient projection
To evaluate the gradient similarity, first, the directional derivative is computed in the MRI and the mammogram using the gradient operator:
where ∂ x I , ∂ y I and ∂ z I represent the partial derivative of the image I for the corresponding Cartesian direction. Notice that in the MRI volume, the 3D gradient image is computed, while in the mammogram only x − and y − directions are necessary, with z as the main direction of the projection during the ray casting. In the MRI, the glandular tissue gradients are isolated using the whole breast segmentation exposed in Section 2.1 . Similarly, in the mammograms, the breast area is isolated using a threshold approach ( Otsu, 1975 ) . After extracting these masks, the background is dilated by a spher-3 https://www.nist.gov . 4 The anode material in the GE Senographe mammographic device is composed of Rhodium or Molybdenum. Notice that a mammographic device developed by other companies may use different materials, such as Tungsten.
ical (disk) kernel in 3D (2D) with radius R = 2 . 5 mm. Thus, the breast-body and breast-air gradient interfaces are removed.
The 3D gradients can be projected into the 2D space, integrating the directional derivative along a ray. This line integral is formally expressed as follows:
( 6) where V = ∇I represents the vector field (i.e. 3D gradient image), γ ( t ) is the parametric curve between the points a and b , and ˙ γ (t)
represents the derivative of the curve with respect to the parametric term, t . Using the line integral exposed in the Eq. (6) , which is widely used in physics to integrate vector fields along a path, the resulting gradient is represented by a scalar value. Therefore, the projected image represents the accumulated gradients of the projection. NCC is used to compute the similarity between this image and the norm of the directional derivative belonging to the corresponding mammogram.
Vectorial gradient projection
The directional derivatives can be considered independently for each direction, as it is exposed by Wein et al. (2005) . Thus, the accumulated gradient is formally expressed as follows:
where I G is the line integral of the directional derivative of the MRI volume, using Eq. (6) , and u x , u y and u z represent the normal vector for the directional derivative at each point, i , in the x −, y − and z− directions, respectively. NCC can be computed using the accumulated gradients for the direction x and y and compared using a gradient correlation metric, which is defined as follows:
where NCC ( ∇ x ( I 1 ), ∇ x ( I 2 )) and NCC ( ∇ y ( I 1 ), ∇ y ( I 2 )) represent the cross-correlation between the gradient images in the x and y direction, respectively.
Implementation details
Our registration framework was developed in C++, using the Insight Toolkit (ITK v.4.8.0 ) and the Visualization Toolkit (VTK v.6.1.0) Libraries. The FE simulation as well as the ray casting algorithm were accelerated in GPU using a CUDA implementation. One single compression spends between 10 s and one minute, using 128 threads (default value for NiftySim TM ). The total time observed for the registration process ranged between 30 min and 3 h (mean: 60.89 ± 39.51 min) on a workstation Intel Core i7-3770 3.40 GHz, RAM 32 Gb, 64 bits equipped with a GPU NVIDIA GeForce GTX 770 (2 Gb).
Experimental results
The dataset was composed of 10 clinical cases from 10 different patients. This value is in range with previous works in MRImammography registration ( Ruiter et al., 2003; Lee et al., 2013; Solves-Llorens et al., 2014; Mertzanidou et al., 2014 ) . Each case contains 1 MRI volume and 1 mammographic study, composed of both CC and MLO projections of the corresponding breast. Notice that only one breast per patient is analyzed. Patients aged between 37 and 63 years (49.2 ± 9.52 years old, in average). Images were acquired at the Radboud University Medical Center (Nijmegen, The Netherlands) between July, 2008, and May, 2011. Both MRI and mammographic studies were acquired in the same day. pixel. However, they were resampled to isotropic pixels with 0.3 mm length to increase the similarity to the MRI voxel size. Furthermore, a histogram equalization was applied to them to increase the contrast of the glandular tissue with respect to the adipose tissue.
Evaluation
The target registration error (TRE) metric is used to evaluate the accuracy of the proposed methods. Each patient contains one single landmark within the breast. Specifically, 8 cases contained biopsy markers -i.e. small metal clips-while 2 cases (corresponding to c2 and c3 in the following sections) contained a clearly visible lesion in the breast. However, the histological results are unknown. Notice that the elastic properties are different for healthy and unhealthy tissues ( Wellman, 1999 ) , and they should be balanced.
These landmarks were isolated using a semi-automatic approach to avoid subjective labels and, thus, the intra-and interobserver variability. In the mammogram, the marker clips are clearly visible as small bright spots, while the MRI yields magnetic susceptibility artifacts that are visually seen as a small black bubble ( Fiaschetti et al., 2013 ) . Fig. 3 shows an example of the visualization of these markers in both MRI and mammography. Regarding the breast lesions, they are brighter and clearly visible in the mammograms, while the lesion position in the MRI was localized in the difference image between two time points of the Dynamic Contrast Enhancement (DCE) MRI. Fig. 4 shows an example of the lesion as well as the maximum intensity projection (MIP) of the difference image. The landmarks are localized using red arrows in all the figures.
Isolating the landmarks presented in the "for presentation" mammograms is performed using a threshold approach, 0.85 times the maximum intensity value, based on previous experiments. In the MRI, the magnetic field distortion (i.e. black bubble) and the lesion are located by an expert researcher and marked manually. This point is used as the seed of a region growing algorithm to segment the volume of these landmarks. The TRE is computed as the Euclidean distance between the centroid of the 2D landmark in the mammogram and the projected centroid of the 3D landmark. The centroid of the 3D landmark is moved from the uncompressed to the compressed model using the barycentric coordinates of the corresponding tetrahedral element in the biomechanical model. Then, this point is projected using perspective raytracing.
Results
First, we evaluate the behavior of the isotropic material model. Tables 1 and 2 summarize the TRE results for CC-and MLO- Fig. 3 . Metallic clip for image-guided biopsy. The clip is visible in (a) CC and MLO mammograms as a bright spot, while in (b) MRI it yields a magnetic susceptibility artifact, which is visually seen as a small black bubble. The landmark position is shown using a red arrow in the images. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) projections, respectively, using the three registration approaches. The intensity-based 3D-2D algorithm provides a baseline result to evaluate the behavior of the proposed gradient-based registration algorithms. Notice that there is not a standard database and one should be cautious comparing the results provided by previous work. However, in this case, we use a set of images and a semi-automatic lesion segmentation to perform a fair comparison among the traditional and the proposed methodology. In the CC cases, the intensity-based approach obtains a mean TRE equal to 9.02 ± 4.28 mm. The higher TRE value corresponds to the value obtained using the vectorial gradient values (10.28 ± 4.57) while, using scalar gradient values the result is 7.03 ± 5.23 mm, on average. In the MLO cases, the two gradientbased methods obtain better results than the intensity-based method (12.96 ± 3.78 mm). The best result is obtained using scalar gradient values (9.67 ± 5.80 mm).
Considering each case independently, most of the TREs are lower than 15 mm. In several cases, such as c 3, c 5 and c 6, the TRE depends on the algorithm. For instance, the patient c 6 ob- tains a good performance using scalar gradient values for both CCand MLO-projections. However, the intensity-based algorithm obtains a good result for CC-but not for MLO-projections. Finally, the method using vectorial gradient values obtains a poor performance in the two cases, with TRE larger than 15 mm.
Furthermore, we test the behavior of the transversal isotropic material model applied to the registration. Tables 3 and 4 collect the TRE results using an anisotropic mechanical model. Like the isotropic model, the best result is obtained using the scalar gradient values for both CC-(5.65 ± 2.76 mm) and MLO-(7.83 ± 3.04 mm) projections, while the worst performance is obtained using vectorial gradient values (9.56 ± 3.67 mm for CC-and 12.30 ± 5.91 mm for MLO-projections).
Comparing the results of both isotropic and anisotropic material models, the TRE obtained using the transversal isotropic material model is lower than the TRE obtained using just the isotropic model. The TRE for the intensity-based method is reduced from 9.02 to 7.90 mm for CC-and from 12.96 mm to 9.96 mm for MLO-mammograms. A similar result is obtained using scalar gradient values. For the CC images, the TRE is reduced from 7.03 to 5.65 mm, while for MLO images, the TRE is reduced from 9.67 to 7.83 mm. Nevertheless, the method that uses vectorial gradient values does not obtain such an improvement. For the CC-case, the vectoral gradients method obtains a better performance using the anisotropic material model, 9.56 mm with respect to 10.28 mm using the isotropic material model, while for MLO images, the TRE barely varies the value (from 12.46 to 12.30 mm).
Breast contour comparison
In most of the previous works, one single landmark was used to evaluate the accuracy of the registration algorithms. This evaluation may seem rather simplistic, however extracting and matching internal landmarks of the breast is a challenging task due to the difference between the image modalities and the dimension (3D and 2D) of the corresponding images. Nevertheless, to provide a more complete evaluation, we compute the similarities between both the projected and the real breast contours while considering the two material models. Fig. 5 shows the breast mask, obtained from the mammograms, and the contour for both the isotropic (in blue) and the anisotropic (in red) material model.
To quantitatively evaluate the similarity, we use the Hausdorff distance between the two curves. The Hausdorff distance is the largest of all the distances from a point in one set to the closest point in the other set. Mathematically, the Hausdorff distance is defined as follows: where x and y represent the points corresponding to the real and projected contours, C 1 and C 2 respectively, and sup represents the supremum and inf the infimum of the distance d ( x, y ), in this case, the Euclidean distance. Fig. 6 shows the results obtained for all the registration algorithms, considering the CC-and MLO-projections independently. Similar to the previous section, the distance between the two curves is smaller (on average) for the algorithm using the absolute gradient values. However, the biomechanical model behavior differs with respect to the material model. In most of the cases, the average of the distribution is smaller for isotropic material models than for the anisotropic models.
3D Evaluation
Finally, we also evaluated the 3D TRE, i.e. the estimated position in the MRI of the landmarks in the mammograms. We used the algorithm proposed by García et al. (2017) , which allows locating the lesion position within the MRI without uncompressing the breast models. We test the 3D error registration for every similarity metric. For each landmark in the FFDM, the X-ray path is computed, from the source to the marker. Barycentric coordinates are computed in the tetrahedrons traversed by the ray, and the list of elements and barycentric coordinates is used to localize the two curves within the MRI. The center of mass between the two closest points is considered the 3D position of the landmark. Thus, the TRE is computed as the Euclidean distance between the centroid of the real landmark and the estimated position from the FFDMs. Tables 5 and 6 summarize the 3D TRE using both isotropic and transversally isotropic material models. Notice that the 3D TRE should be related to the breast model behavior because two different material models yield a different distribution of the internal space. For the isotropic material model, the best performance is obtained using the scalar gradient values (10.13 ± 7.09 mm) and, similarly, using the anisotropic material model (7.33 ± 3.62). The worst performance using the isotropic material model is obtained by the intensity-based methods (11.09 ± 2.77), while the algorithm using vectoral gradient values yields the worst result for the anisotropic material model (10.49 ± 5.11).
Factors of influence
In this section we analyze different factors that can influence the performance of the registration algorithms. Due to the previous results, we focused our attention on the method using a scalar gradient value, since this approach obtained the best performance in most of the cases.
The first limiting factor may be related with the glandularity -i.e. ratio between glandular tissue and breast volume-of the breast. In this work, we assumed that the breast is composed of one single material. However, the breast is composed mainly of glandular and adipose tissue. The Young's modulus, measured by Wellman, for glandular and adipose tissue is 4.46 kPa and 15.1 kPa, respectively. Therefore, the mechanical behavior of the breast can be related to the glandularity. Volumetric breast density (VBD) was computed using the commercial software Volpara TM 5 (Volpara Health Technologies Ltd., Wellington, New Zealand) directly from the "for processing" (raw) mammograms. Fig. 7 shows the TRE, in millimeters, versus the glandularity of the breast, in volumetric percentage, considering the error obtained from the gradient-based registration algorithm that uses the scalar gradient value. For CC images, the correlation is R = 0 . 56 (absolute value), while for MLO images, there is no clear correlation ( R = 0 . 13 ) between the values.
A second factor of influence in the TRE could be the landmark position within the breast. Lesions localized close to the pectoral muscle have a more constrained movement than the lesions situated close to the skin. Therefore, the TRE may be smaller when the lesion is close to the pectoral. Considering this fact, we investigate the correlation between the TRE and the distance from the lesion to the pectoral muscle. Fig. 8 shows the TRE with respect to the distance between the landmark and the pectoral muscle presented in the mammogram for both CC-and MLO-projections. In the CCprojections for the whole dataset, the correlation is R = 0 . 77 , while for MLO images, R = 0 . 50 using the scalar gradient value. The TRE is not only involved in the constrained movement of the landmarks localized closer to the pectoral muscle but, also, to the biomechanical model behavior. This fact is also related to the description of the breast model as one single material, and an accurate description of the internal breast tissues may reduce the correlation values.
Apart from the distance to the pectoral muscle, the own position of the landmarks can affect the TRE. Notice that using the transversal isotropic material model, the stiffer direction has been defined in the perpendicular direction to the pectoral muscle. Therefore, the most affected direction is the perpendicular direction from the pectoral muscle to the farthest point in the perpendicular direction that corresponds to the nipple. Thus, using these two anatomical landmarks of the breast, an internal system of reference can be defined. Each lesion can be localized, using polar coordinates, by the radius, ρ, and the angle, φ, in the internal system of reference. Fig. 9 shows the position of the ten landmarks composing the dataset using the proposed system of reference. The breast shape is represented by a semi-circle with radius R = 1 , normalized using the distance from the pectoral muscle to the nipple for each case. Thus, we can evaluate not only the lesion position with respect to the pectoral muscle but, also, the relative position of the lesion within the breast. Considering this system of reference, the TRE can be evaluated with respect to the deviation of the principal direction, using the coordinate φ. Fig. 10 shows the scatter plot of the TRE, in millimeters, with respect to the angle, φ, in degrees, obtained using the internal system of reference and cylindrical coordinates. Using real values for describing the angle the correlation is R = 0 . 34 . When the φ is considered in absolute value, the correlation increases to R = 0 . 65 . Regarding the MLO projections, in the two cases, using the real and absolute value of φ, the algorithm does not show a significant correlation (smaller than R = 0 . 40 ).
Discussion
The aim of this paper was to introduce two gradient-based methods for breast MRI to X-ray mammography registration, comparing their results with a traditional intensity-based approach. We presented a fully automatic framework to register these image modalities using a patient-specific biomechanical model, extracted from the MRI with the aim of mimicking the mammographic acquisition. In the intensity-based approach, the MRI images were transformed to pseudo-CT images, considering the tissue segmentation and the parameters used to acquire the mammography, while normalized cross-correlation was used to lead the registration process. In the gradient-based algorithms, the intensity gradients were extracted in the MRI volume and projected into the mammographic space. Thus, NCC of the scalar gradients values and gradient correlation of the vectoral gradients were used to perform the optimization. Finally, we evaluated the accuracy of the registration using the target registration error approach between landmarks, comparing the results among the three algorithms.
The results were obtained testing both isotropic and anisotropic material models. In general, using the anisotropic model showed a better performance, reducing the TRE obtained by using the isotropic biomechanical models, especially for the intensity-based and the scalar gradient methods. However, when using the vectoral gradient similarity, the results do not show such a large improvement. Regarding the registration methods, the use of scalar gradient values did not only obtain the best result among the gradient-based methods but also improved the TRE obtained by the intensity-based method. A similar behavior is observed when evaluating the 3D TRE. The 3D TRE should be related, also, to the 2D TRE of the two mammographic views, obtaining better results when the accuracy of the 3D-2D registration is higher. This rule seems to be established in most of the cases. However, the internal deformation of the model may vary these results depending on the breast material model.
In contrast to intensity-based methods, where the amount of glandular tissue provided by the segmentation may vary the final registration result, gradient-based methods take into consideration the parenchymal distribution, regardless of the tissue segmentation step. García et al. (2018b) reported that there is a structural similarity of the glandular tissue obtained from the MRI and the mammographic images. However, in the same work, it is reported that, even when there is a similarity between the information of the two image modalities, the amount of glandular tissue is not the same. We consider that this is the main reason for the improvement obtained by the gradient-based method.
Similarly, the results exposed in Section 3.3 show a better performance of the isotropic mechanical model when the distance between the real and the projected contour is computed. The images obtained during this process show that the breast shape is better fitted by an isotropic model instead of an anisotropic model. Breast shape is determined by the interaction between the mechanical model description and external loads. Shape and internal tissue movement are tightly coupled in the biomechanical analysis. Therefore, these result may result surprising. The source of these divergences may correspond to the internal landmark position. As we exposed during this work, the stiffest direction of the anisotropic material models corresponds the direction perpendicular to the pectoral muscle, traversing the nipple. A deeper analysis shows that the landmarks are situated within the interval of -45 and 45 degrees with respect to this direction (see Fig. 10 ), which represents a more constraint movement than those areas localized close to the skin. Moreover, the Hausdorff distance computes the maximum distance between two curves. Even when the curve is well fitted close to the nipple, the breast shape obtained by the anisotropic mechanical model may be deformed in both sides of the contour, corresponding to the sternum and axillar area, increasing the computed distance. These small divergences between the two contours are shown in Fig. 5 . On the other hand, we need to take into consideration that intensity-based metrics, such as NCC, represent non-convex topologies during the optimization of the model position and, therefore, the model may not obtain an accurate position during the optimization step, reaching a suboptimal solution.
The main goal of the gradient-based method using scalar values is to localize areas with high gradient difference in a similar position, while using vectoral gradient values involves also a spatial -i.e. directional-consideration. Therefore, the former approach may be less affected by factors such as the difference between the images, MRI and mammogram resolution, unsuitable or inaccurate internal tissue deformation (due to the use of one single material model instead of multiple tissues). However, the algorithm that uses the vectoral gradient values approach may require a more accurate simulation. Notice, for instance, that the smaller the pixel size, the smaller the difference between the intensity values between neighbors and, therefore, the smaller the gradient obtained. The difference between the MRI voxel and the mammographic pixel sizes may affect the directionality of the gradient vectors that lead the registration. Additionally, the physics underlying each image modality is different and the internal structures presented in one of the modalities may not be visible in the other. As we showed previously, there is a similarity between MRI and X-ray mammography images, but the information obtained from the two images modalities is not the same. For instance, nerves or vessels that are not shown in the MRI may affect the result. We consider that these may be the source of the different behavior using scalar and vectoral gradient values during the registration as well as the reason why the approach that uses vectoral values does not obtain a clear improvement when the anisotropic material model is considered.
Moreover, we have studied different factors that may influence the evaluation, such as the glandularity and the relative position of the landmark within the breast. Several linear relationship, with a moderate correlation, have been observed for the gradient-based algorithms. However, notice that in most of the cases there is not a clear correlation, taking each approach independently, and one should be cautious considering these values. The small number of cases leads to inconclusive results on how the landmark position may alter the final result. Our results, obtained by gradientbased methods, do not show a clearly significant difference with respect to the traditional intensity-based registration algorithm. Even when there is a clear improvement, on average, the use of a small dataset avoids providing an accurate result in term of significance of the results.
With respect to the divergences considering the CC-and MLOprojections, we consider that the image acquisition affects the final result of the registration. Note that in previous work ( García et al., 2018b ) , we also obtained a different behavior for CC-and MLOprojections. While during the CC acquisition, the breast is easily situated with respect to the mammographic space, during the MLO acquisition, the initial position of the breast model depends on the pectoral muscle segmentation and the rotation in the anteriorposterior direction (usually 45 degrees with respect to the vertical). Defining a suitable initial position is mandatory to obtain an accurate result. The optimization step reduces the difference between the breast model and the real position during the mammographic acquisition. However, the model may not obtain an accurate position during the optimization step, yielding the divergences between the TRE of the two mammographic projections.
The main limitation of this work is the small dataset (10 cases). Even when this value is in the range with previous works in MRImammography registration ( Ruiter et al., 2003 , 6 cases; Lee et al., 2013 , 5 CC and 4 MLO-projections; Solves-Llorens et al., 2014 , 14 patients; and Mertzanidou et al., 2014 , 10 CC and MLO cases) , the registration accuracy, as well as the correlation between the TRE and the exposed factors, may vary using a larger dataset. Furthermore, the relative landmark position, represented in Fig. 9 , shows that most of the landmarks are localized close to the center and in the upper half side of the breast, which is clearly related to the glandular tissue distribution. In the breast, the lobules branch out from the nipple and are linked by a network of ducts. Furthermore, for denser breasts, the glandular tissue can reach up to the axila. Therefore, in the mammograms of the left breast, as is represented in the generic model in Fig. 9 , the glandular tissue is projected in the upper half side of the image. Thus, most of the landmarks are situated within or close to the glandular tissue where the sensitivity of the mammographic images can decrease.
However, similar to intensity-based approaches, several disadvantages need to be considered in the gradient-based approaches. MRI artifacts, such as a poor bias field correction, skin folding, or a poor delineation of the skin, can modify the final registration results. Furthermore, the poor contrast between glandular and adipose tissue in the "for presentation" mammograms, obtained by means of the GE healthcare devices, as is shown in Fig. 2 , forces us to use a histogram equalization to increase the difference between the two tissues. This fact has a notable influence in the final registration result. However, using images from other vendor machines may allow skipping this step.
Finally, on average, the computational time of the registration (after extracting the biomechanical model) is approximately one hour. This value is lower than the values reported by Mertzanidou et al. (2014) and Hopp et al. (2013) . Note that these works were proposed several years ago and, neither the hardware nor the software is the same in all cases. Therefore, with actual facilities their approaches should run faster, improving their reported time values. Much of the time is waisted in the interface between NiftySim TM and the registration software, while the rest of the algorithm (ray-casting, model transformation and optimization) is integrated in the software. The FE analysis and the ray-casting is accelerated with GPU, using just 128 threads which is smaller than the maximum number of threads per block in the current graphic cards. Furthermore, an atlas-based approach has been used to separate the breast from the body, and a region-growing algorithm, to remove the background of the image, taking advantage of previous work ( Gubern-Mérida et al., 2014 ) . However, some other approaches can be tested to isolate the breast ( Wang et al., 2012; Wu et al., 2013 ) , avoiding intensity-based segmentation algorithms and reducing the computational time. Therefore, other implementations, that also include an integrated FE solver, may reduce the computational time for this process, allowing us to reach an assumable time in the clinical practice.
Conclusions
In this paper, we have introduced two gradient-based registration algorithms to lead the breast MRI and X-ray mammography registration. The best results have been obtained using scalar gradient values and the normalized cross-correlation, outperforming the results obtained by using an intensity-based method. Furthermore, the target registration error shows a moderate correlation with respect to the glandularity as well as the landmark position within the breast.
The accuracy of the presented registration approach, in the order of 10 mm, could provide valuable information to radiologists. Our approach reduce the target registration error to half a centimeter allowing an assumable error in the clinical practice with the aim of localizing susceptible areas within the MRI or the mammogram from the other image modality.
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